Seismic data provide essential information for guiding reservoir development. Improvements in data quality hold the promise of improving performance even further, provided that the value of these data exceeds their cost. Previous work has demonstrated value-of-information (VOI) methods to quantify the value of seismic data. In these examples, seismic accuracy was obtained by means of expert assessment instead of being based on geophysical quantities. In addition, the modeled seismic information was not representative of any quantity that would be observed in a seismic image.
Introduction
Reservoir characterization makes heavy use of seismic data both for selecting a target for drilling and, with time-lapse data, for monitoring the fluid movements in the reservoir to optimize production of hydrocarbons. Reservoir characterization requires goodquality seismic data for optimal results. Improvements in aspects of seismic acquisition, such as signal-to-noise ratio, bandwidth, receiver positioning, or maximum offset, may help improve images or AVO analyses, thereby increasing the level of knowledge about reservoir structure or properties.
However, modifications to acquisition procedures to estimate rock properties better or to improve subsalt images, for example, may increase expense of data acquisition and possibly experiment duration. The improved data quality must always be weighed against the additional cost.
Previous work has addressed valuing seismic data using the decision-analysis concept of VOI, including Stibolt and Lehman (1993) , Waggoner (2000b Waggoner ( , 2002 , Begg et al. (2002) , Pickering and Bickel (2006) , and Bickel et al. (2006) . Ballin et al. (2005) and Steagall et al. (2005) provide examples of actual seismic projects where VOI analyses shaped management decisions significantly. See Bratvold et al. (2007) for a review of VOI papers in the SPE literature.
One challenge of implementing VOI methodologies to value seismic data is the assessment of seismic accuracy. The studies discussed in the preceding paragraph rely on expert assessment and model seismic information at a high level. In many cases, these assessments are not tied directly to observable seismic signals. For example, some studies assess the probability that the seismic survey will report "success," "unswept," or "large reservoir," even though the actual signal from a seismic survey may be an amplitude reading. This gap between what seismic surveys actually report and what is needed in decision making makes the implementation of VOI techniques problematic (Bratvold et al. 2007 ). To address these concerns, several authors have performed historical look-backs to document the impact of seismic information [e.g. see Aylor (1999) and Waggoner (2000a) ]. Another difficulty is appropriately modeling the decision-making environment and the role seismic information plays. Many authors implicitly embed downstream decisions in the seismic-accuracy assessment by assuming the chance of geologic success can only go up after commissioning a seismic survey (Head 1999; Waggoner 2000b Waggoner , 2002 . This mixing of probability assessments and decision making makes it difficult to understand the value of seismic in a specific situation. Houck (2004) addressed some of these concerns by valuing seismic's ability to inform estimates of porosity in the context of a multiwell drilling program and tying the accuracy of seismic data to directly observable seismic signals. This paper also extends previous VOI studies by considering multiple targets and budgetary constraints. We extend Houck's results by investigating the accuracy and value of AVO and peak amplitude. Furthermore, we examine the ability of seismic information to inform estimates of multiple reservoir properties simultaneously (e.g., porosity, thickness, and water saturation). The resulting models allow quantification of the accuracy of information provided by seismic data and quantification of the information's economic value.
The contributions of this paper are three-fold. First, we illustrate a VOI method that directly relates observable seismic signals to reservoir properties and reservoir-management decisions. Second, we develop a seismic model that allows us to quantify objectively the accuracy of seismic information across a range of acquisition and processing techniques. Third, we quantify both the absolute value of seismic information and the relative value of improved seismic information within the context of a 3D land example situated in a hypothetical carbonate reservoir modeled after the McElroy field in west Texas.
Method
In this section, we develop the decision and seismic models required to value seismic information for the example considered later in the paper. The company's decision without the benefit of seismic information can be represented as a decision tree (Clemen and Reilly 2001) , as shown in Fig. 1 . The company first chooses its drilling program (the curved arrow indicates the continuum of 2 m drilling programs) and then observes the reservoir properties from production performance. The drilling program and reservoir properties combine to generate profit or loss (ENPV) for the company.
By solving the tree in Fig. 1 , we obtain the value without seismic (VWOS) information. We assume the company is risk neutral and therefore seeks to maximize the expected value of its drilling program. Risk neutrality is a sound assumption in most practical applications (Bickel 2006) . The decision tree in Fig. 1 can be represented mathematically as
where E ⍀ is the expectation operator taken with respect to f(⍀), and st means "subject to." This optimization problem is known as the knapsack problem (KP) (Kellerer et al. 2004 ).* If the company acquires the seismic-information matrix ‫(ס⌰‬ 1 , . . . , m ), where i is a p-vector of seismic signals for location i (e.g., AVO parameters for location i), then it faces the decision shown in Fig. 2 . The company now observes the seismic results and then chooses its drilling program. The posterior distribution of the reservoir properties given the seismic signal is obtained by means of Bayes' rule (Bernardo and Smith 2000) and is
, where l(⌰|⍀) is the likelihood function for observing seismic signals ⌰ given the reservoir properties ⍀ and g(⌰) is the preposterior, the unconditional probability of observing different seismic signals.
By solving the decision tree in Fig. 2 , we obtain the value with seismic (VWS) information, which is given by
where E ⍀|⌰ is the expectation taken with respect to f(⍀|⌰) and E ⌰ is the expectation taken with respect to g(⌰). Thus, Eq. 2 requires the solution of a knapsack problem for every possible seismic signal. Fortunately, efficient algorithms exist to solve KPs rapidly (Martello and Toth 1990; Kellerer et al. 2004) .
The VOS information is the most the company should be willing to pay for seismic information. Because the company is risk neutral, VOS is equal to the VWS information less the VWOS information (Bratvold et al. 2007 This commonly used VOI definition is correct only for companies that have constant risk aversion (i.e., a risk-neutral or exponential utility function). Determining the value of information in other cases requires iteration. Fortunately, as discussed above, risk neutrality is often a valid assumption, and, when risk sensitivity is significant, the exponential utility function is a close approximation (Kirkwood 2004) . Therefore, Eq. 3 is robust.
Joint Distribution of Seismic Information and Reservoir Properties. In order to perform the Bayesian revision required by Eq. 2, the conditional distributions l(⌰|⍀) and f(⍀|⌰) must be specified. Unfortunately, this may require numerical methods such as Markov Chain Monte Carlo (MCMC). To avoid this difficulty and better illustrate the use of VOI techniques, we assume that the drilling targets are probabilistically independent and that the vector of reservoir properties and seismic signals at any location i is jointly normally distributed. Although this assumption is made for convenience, we present evidence later that supports such an assumption. Future research might allow relaxing this restriction.
If the reservoir properties and the seismic signals are jointly normal at location i, then ( i , i )∼N(µ i , ⌺ i ), where µ i is the mean vector of reservoir properties and seismic signals at location i and ⌺ i is the covariance matrix at location i. To simplify the notation, we will drop the explicit indexing of µ and ⌺ by i, with the understanding that each location is characterized by a possibly distinct mean vector and covariance matrix.
The mean vector can be partitioned such that µ‫(ס‬µ , µ )Ј, where µ is an n-vector containing the prior mean values of the reservoir properties and µ is a p-vector containing the mean values of the seismic signals. Therefore, µ is an (n+p) vector. ⌺ (n+p×n+p) is partitioned such that The benefit of the multivariate normal assumption is that the conditional distribution of the reservoir properties, given the seismic signal, is also jointly normally distributed such that (|)∼N(µ | , ⌺ | ), where Because (|) is characterized by a probability distribution, we still may be uncertain about the reservoir properties given the seismic results (we will be if the seismic is not perfect), and our decision-making method must account for this. Procedures that "predict" reservoir properties on the basis of a seismic signal im- plicitly assume reservoir properties are known with certainty once the seismic results have been observed.
In the next subsection, we describe our method to estimate the reservoir and seismic parameters discussed above.
Seismic Models for Joint Distributions.
Given that any realistic application will have measurable uncertainty in relationships between seismic measurements and rock properties such as porosity, the VOS model requires input quantifying this uncertainty for decision making. Our models include distributions on porosity (), reservoir thickness (h), and water saturation (S w ). At a minimum, we therefore require results that relate seismic amplitude, or another seismic attribute, to these reservoir properties. We generate these relationships using Monte Carlo simulations of seismic data for representative reservoir models of properties related both to production and to seismic-imaging tasks. Similar modeling strategies, along with associated applications to assessment of uncertainty in estimation of rock properties, have been explored by Doyan (1988), Avseth et al. (1998) , Mavko and Mukerji (1998) , Takahashi et al. (1999a Takahashi et al. ( , 1999b , Mukerji et al. (2001) , Bachrach and Dutta (2004) , Gallop (2006) , and Spikes et al. (2007) . However, our study is unique in incorporating the influence of acquisition strategies and VOI methods.
The model specification for the Monte Carlo calculations requires the selection of several relationships. First, for the specific region of interest, a theoretical or empirical model relating seismic compressional-and shear-wave velocities (V p and V s , respectively) to porosity must be specified. These models could be based on laboratory measurements of velocity as a function of porosity in core samples [e.g., see Eberhart-Phillips et al. (1989) and NolenHoeksema et al. (1995) ]. In our case, we begin by computing a V p value for a randomly selected porosity. Because there is normally considerable scatter in relationships between velocity and porosity, we then add a random perturbation selected from a Gaussian probability-distribution function (PDF) with a specified standard deviation. Because density is also strongly correlated with porosity in rock materials, the next step is to compute a density value from the same porosity value used to generate V p . Following the same logic as the velocity procedure, a random perturbation selected from a Gaussian distribution is added to this computed result to reproduce the natural variability in rocks. The last parameter to compute for the seismic models is the shear velocity V s , which is also correlated with V p in natural materials. In this case, we select a reference V p /V s ratio and use it to compute the shear velocity, again adding a random perturbation. Three standard deviations are therefore specified based on laboratory or log data, one each for V p , the V p /V s ratio, and the density value. The variability introduced by these random fluctuations accounts for the nonuniqueness in rockproperty distributions associated with variations in rock composition and microstructure.
Each reservoir model includes a value of water saturation selected from a Gaussian PDF, for which the velocities and densities must be corrected. We will first select the parameter values for full water saturation because many laboratory measurements are made under these conditions. The bulk density of the rock, total , for a given water saturation can then be computed as
where rock , oil , and brine are the densities of the solid rock material, the hydrocarbon, and the brine, respectively. The Gassmann equation predicts changes in seismic velocities with changing saturation, and we apply standard Gassmann fluid-substitution techniques using the brine-saturated velocities and density (Gassmann 1951; Smith et al. 2003) .
Specification of these model parameters, along with reservoir thickness, allows computation of the seismic reflection amplitude. The thickness is important, since superposition of reflections from the top and bottom interfaces, tuning, can make significant changes in amplitudes. In this case, the measured amplitude is not a function of the rock properties only, but also of the thickness. This is often important for field data, and for the example discussed below, and we therefore include it by computing the seismic composite reflection coefficient, which is a measure of the total signal reflected by the reservoir layer at a specific frequency (Gibson 2005 ). This coefficient is computed using propagatormatrix methods, assuming a model composed of an arbitrary number of horizontal-plane layers. In this case, we assume a single, homogeneous reservoir layer sandwiched between two homogeneous half spaces. The propagator-matrix method (Aki and Richards 2002) then computes the exact amplitude of a plane wave reflected by the reservoir layer, assuming an incident plane wave. Boundary conditions for the continuity of stress and displacement are enforced through a set of 4×4-matrix multiplications, and the required expressions are simple and fast to calculate. In contrast, the conventional reflection coefficient used for AVO or angle-ofincidence studies is founded on an approximate solution that models only the reflection from a single boundary (Shuey 1985; Castagna 1993) . The composite coefficient provides more-accurate, frequency-dependent results that may be important for making optimal decisions for reservoir management. The complete specification of the seismic model therefore includes a value of mean thickness for the reservoir, to which we again add a Gaussian random perturbation to incorporate uncertainty.
The final aspect of the seismic modeling is specification of error, or noise, in the seismic data. This is necessary because a crucial goal of the VOS application is to quantify the value of improvements in seismic data that reduce error, presumably through improved technology for acquiring the data. Error may arise from many sources during seismic acquisition on land, including equipment failures, incorrect polarity on receivers, poorly known receiver locations or elevations, and poorly measured nearsurface seismic velocities that are used to apply static corrections to data. However, a recent study suggests that the last two categories are the most important, in that hardware-related errors are typically much smaller than those associated with receiver or source statics (Ait-Messaoud et al. 2005) . That study suggested using single-sensor acquisition techniques, along with improved filtering schemes, to achieve smaller error levels. The static errors are estimated to introduce mean error levels from 0 to −30 dB compared to the signal strength. The same study reports 95% confidence intervals for the error levels that are 100% of the mean amplitude for the maximum error and 3% of the mean amplitude for the minimum error. Therefore, we add random errors to the computed composite reflection coefficients with standard deviations corresponding to approximately these levels of percent error to represent high-and low-error cases, respectively. These static errors are associated with elevation changes and with estimated near-surface seismic velocities. The values of these errors cannot be chosen independently from seismic trace to seismic trace. Elevation changes, for example, will be correlated for distances corresponding to the widths of hills and valleys. For this reason, we also applied a filter to the amplitudes computed using filter techniques described by Fehler and Sato (1998) to introduce spatial correlation.
Using this model of seismic amplitude with error depending only on acquisition is equivalent to assuming that seismic processing algorithms do not introduce significant error. In some practical applications, such as subsalt imaging of reservoirs in geologic settings such as the Gulf of Mexico, poor illumination and consequent loss of resolution may impair data acquisition such that optimizing imaging algorithms will be especially important. In such cases, the acquisition decisions would emphasize choices of various wide-azimuth and far-offset geometries. However, the example problem we present below to illustrate the VOI methods will instead be founded on a scenario of land seismic-data acquisition, assuming that the subsurface structures are comparatively simple. This allows data processing to be concentrated on the influence of static errors, noting that it is the most important acquisition issue for land (Ait-Messaoud et al. 2005) .
Given the composite-reflection-coefficient results, we generate two sets of seismic attributes to use in the VOS calculations. Prestack seismic-data analysis often applies AVO methods to better characterize pore-fluid contents or lithology. The key result is that the amplitude, at least for angles of incidence less than approximately 30°, is approximately a linear function of the squared sine of the angle of incidence (Shuey 1985) . Typical AVO analysis performs a simple regression of these amplitudes to estimate a slope and intercept of the resulting line, and we therefore computed these two parameters. In addition, we computed the average of amplitudes for angles less then 30°to estimate the post-stack seismic amplitude, the amplitude displayed in a final seismic section for interpretation and visualization.
Value Model Specification. As shown in Eqs. 1 and 2, we require the value of drilling location i as a function of the reservoir properties, v i (⍀) . In what follows, we drop the i subscripting. We assume v is a linear function of иhи(1−S w ).
We therefore are concerned only with the mean value of this product because the company is risk neutral. This greatly simplifies our analysis because we need only determine the mean of the posterior distribution of this product given seismic information. If v is not linear in иhи(1−S w ), as in Houck (2004), or if the company is not risk neutral, then the shape of this distribution is important and the VOI calculation will likely require numerical methods such as MCMC. Therefore, we assume that where h| is the covariance between porosity and thickness given and is equal to r h| | h| , where r h| is the correlation between porosity and thickness given . In general, two reservoir properties (e.g., porosity and thickness) will not be independent given , even if they are independent given our prior information. Therefore, the expectation of иh given is not | h| , as in Houck (2004) . The expected value of the product of three random variables X, Y, and Z is more complicated. However, if the random variables are jointly normally distributed, then Bär and Dittrich (1971) show that
Thus, the expected value of иhиS w given is 
. (10)
In the case where we do not have seismic information, we simply drop the conditioning on in Eqs. 9 and 10. VOS Implementation. In order to calculate the VOS, we must determine the expected value of the drilling programs with and without seismic information. Below we describe the simulation procedure that we use and illustrate it with an example that is expanded later in the paper.
VWOS. To calculate the VWOS, do the following:
1. Calculate the A Priori Expected Value of Each Target. Since v is linear in иhи(1−S w ), the expected value of each target is
Example: We are considering three identical targets but can drill only two of them. Each target is 26 m thick with a water saturation of 0.35. On the basis of logs, we believe that is normally distributed with a mean of 0.12 and a standard deviation of 0.03. If c 1 ‫4.11ס‬ and c 2 ‫,4.8−ס‬ then the expected value of each target is USD 14.9 million.
Determine the Optimal Drilling
Program. This step requires the solution of the KP given by Eq. 1. Since we are constraining only the total number of wells, we simply need to choose the b wells that have the highest expected value. The sum of these wells' expected value is the VWOS. Example: Since each target is identical, we select any two of the three, and VWOS‫ס‬USD 29.8 million.
VWS. To calculate the VWS, do the following:
1. Simulate Seismic Signals. Simulate the preposterior distribution g(⌰) at each target location, given that ( i , i ) ∼ N(µ,⌺). This is straightforward in commercial spreadsheet programs using Monte Carlo software. For example, we simulated n+p standard normal distributions (n reservoir properties and p seismic signals) at each location i and correlated them using Cholesky decomposition. We then mapped these correlated standard normal distributions into the appropriate normal distributions based on µ and ⌺ using the inverse cumulative method (Clemen and Reilly 2001) . Example: Assume that the simulated post-stack amplitudes at Targets 1, 2, and 3 are 0.076, −0.004, and 0.035, respectively. In addition, assume that the post-stack amplitude is correlated with porosity with correlation coefficient of −0.71.
2. Update Reservoir Properties. Given the seismic signal at each location i, determine the posterior mean of each reservoir property: µ | by means of Eq. 5. Example: On the basis of Eq. 5 and the simulated post-stack amplitudes, we determine that the posterior mean values for porosity at Targets 1, 2, and 3 are 0.10, 0.14, and 0.12, respectively. Since we have assumed that thickness and water saturation are deterministic, our estimate of these values is not changed by the seismic information.
Calculate Expected Value of Each Target Conditional on the Simulated Seismic Signal. Calculate the expected value of each location:
E͓v͑ и h и ͑1 − S w ͒|͔͒ = c 1 ͑E͓ и h|͔ − E͓ и h и S w |͔͒ + c 2 using Eqs. 9 and 10. Example: Multiplying the conditional mean of the porosity (determined in Step 2) by the thickness and by 1 minus the water saturation, we obtain 1.61, 2.39, and 2.01 for Targets 1, 2, and 3, respectively. On the basis of the values for c 1 and c 2 discussed above, this yields expected values for Targets 1, 2, and 3 of USD 10.2 million, USD 19.1 million, and USD 14.7 million, respectively.
Determine the Optimal Drilling Program
Conditional on the Seismic Signal. In this step, we solve the KP inside of the expectation E ⌰ in Eq. 2. Since we are constraining only the total number of wells, we simply need to choose the b wells that have the highest expected value. The sum of these wells' expected value is the value of the optimal drilling program given a particular seismic signal. Example: Since we can choose only two targets, we choose Targets 2 and 3, which have a combined expected value of USD 33.8 million. This is USD 4.1 million better than without seismic information.
Integrate Over a Sampling of All Possible Seismic Signals.
Step 4 returns the value of the optimal drilling program for a particular seismic signal. Since the seismic signal is a random variable, we repeat Steps 1 through 4 at least 1,000 times and average the results, which returns the solution to Eq. 2, the VWS. Example: The USD 4.1 million improvement we obtained at Step 4 was based on a single sample. To obtain the VOS information, we repeat the above process thousands of times and average the results.
Illustrative Example
We now apply the method developed in this paper to a hypothetical carbonate reservoir based on the McElroy field in west Texas.
Geologic Setting: Carbonate Models. Tables 1 and 2 display the parameters applied in generating the relationships between seismic measurements and reservoir properties. Typical numbers cited for porosity in the McElroy field range from 10 to 14% (Avasthl et al. 1991; Wang et al. 1998) . We therefore use a mean value of 12% and a standard deviation of 3%. Means and standard deviations for other properties are based on values for the McElroy field reported in the literature or, when not reported, on our experience. The VOS will change as the uncertainties (standard deviations) in reservoir properties change.
The model relationship between velocity and porosity is based on laboratory measurements presented by Nolen-Hoeksema et al. (1995) : The shear-wave velocity (V s ) is selected on the basis of the representative value of the V p /V s ratio being 1.8 (Nolen-Hoeksema et al. 1995) , and Table 1 shows the standard deviations applied to V p and the velocity ratio. Though Nolen-Hoeksema et al. (1995) did not provide values for these standard deviations, the numbers we chose reproduce the level of scatter seen in the data plots in that publication and will provide realistic parameters for simulations. More-complete field applications would use values measured from all available data sources. No value is shown for the mean P-wave velocity because that parameter is computed for the relevant porosity using Eq. 11. Fig. 3 shows examples of P-and S-wave velocities generated for this model.
The computation of densities assumed a typical brine-density value of brine ‫1ס‬ g/cm 3 and a solid density of carb ‫8.2ס‬ g/cm The Monte Carlo simulations assumed a mean brine saturation of 0.35, and we considered cases where the saturation was constant and where a Gaussian perturbation was added to simulate variability in field conditions. Other parameters required for Gassmann fluid substitution and related stochastic models are shown in Table 2 .
The average thickness of the reservoir is approximately 26 m (Nolen-Hoeksema et al. 1995) , which is the mean thickness of the D5 unit in the McElroy field. For a V p value of approximately 6 km/s and a representative frequency of approximately 25 Hz, the seismic wavelength will be on the order of 240 m, which is much longer than the reservoir is thick. In this case, tuning will make significant changes in amplitudes of reflected seismic waves, consistent with the composite-reflection-coefficient model that we apply. Because typical zero-offset coefficient values for this model are near 0.07, the corresponding standard deviations for the zeromean Gaussian PDFs used to select seismic error levels for VOS tests were 0.035 and 0.001185, corresponding to static-error 95% confidence intervals of 100 and 3% (Ait-Messaoud et al. 2005 ). An example of the coefficient with and without error is shown in Fig. 4 for the case of the large error level (100%). The error-free result is not used for VOS calculations but does illustrate the ideal solution to show how error influences results.
Decision Context. Assume we have identified 12 potential infilldrilling targets in a reservoir under primary production and are considering the acquisition of a 3D land survey. On the basis of the depth of the McElroy field, we assume production wells cost USD 300,000 to drill.
To illustrate the VOI method better, we assume these targets are identical and probabilistically independent. The seismic survey offers the possibility of learning about the porosity, thickness, and water saturation at each possible drilling location. We assume these property values are normally distributed, with the means and standard deviations given in Table 1 .
Value Model. To specify Eq. 8, we constructed a production model of a single well and determined the present value, excluding drilling costs, under different oil-price scenarios for the range of possible values for , h, and (1−S w ) shown in Table 1. † Fig. 5 displays the relationship between иhи(1−S w ) and v under the assumption of a fixed oil price of USD 60/BOE and an 8% annual discount rate. Not surprisingly, the relationship between иhи(1−S w ) and v is not unique, but the linear fit is quite good.
The linear fit results for oil prices ranging from USD 30 to USD 70/BOE are shown in Table 3 . As of this writing, the New York Mercantile Exchange (NYMEX) forward price for lightsweet crude oil is almost USD 100/BOE through December 2016. Therefore, our USD 60 price might be considered conservative. † A detailed description of this approach is available from the authors by request. At USD 60/BOE, each drilling location has, based on prior information, an expected value of USD 14.9 million [(11.5)(0.12)(26)(1−0.35)−8.4] and the probability distribution shown in Fig. 6 . The probability that any location has a negative NPV at USD 60/BOE is less than 1%. Because each well is worth USD 14.9 million without seismic information, the VWOS is equal to (bиUSD 14.9 million).
Results. In this section, we detail the seismic accuracy and VOS results.
Seismic Accuracy. Using the model properties summarized in Tables 1 and 2 and the model generation schemes outlined above, we computed the composite P-wave reflection coefficient for 5,000 realizations of the reservoir model in two stages. In the first set of models, both the reservoir thickness h and the water saturation value S w were held constant at the mean values. Model calculations were then repeated with the standard deviations for h and S w listed in Table 1 . Fig. 7 displays plots of average amplitude vs. porosity for the first set of models (constant h and S w ), with no error and with maximum static errors included. The scatter in the amplitude/ porosity relationship in the error-free results stems from the nonunique relationships between porosity and other rock properties (velocity and density). Recall that the error-free results are not used in this paper for the VOS calculation, and the values are compared here only to help show how the errors will affect seismic measurements. Fig. 7 lends support to our assumption of joint normality. The relationship between post-stack amplitude and porosity is not exactly jointly normal, but it is close enough to illustrate our method. Because many simplifications were also made in the construction of the geophysical model (e.g., single homogeneous reservoir layer), detailed probabilistic modeling is probably not warranted within the context of this example.
Some insight into the influence of variable reservoir thickness and saturation is provided by Fig. 8 , which displays a cross plot of these two quantities for static error-free results. The two amplitudes are strongly correlated, but there is some scatter that may introduce additional uncertainty into the estimation of reservoir properties, thereby changing the VOS.
The correlations between the post-stack seismic amplitude and the reservoir properties are displayed in Table 4 . The case labeled ∼ is for when only porosity is uncertain. The case labeled ∼, ∼h, ∼S w is for when porosity, thickness, and water saturation are uncertain. Comparing the high-and low-error cases (maximum and minimum seismic static errors, respectively) reveals that improved seismic technology strengthens the correlation between reservoir properties and seismic signals, whereas increased reservoir complexity (uncertain thickness and water saturation) weakens the correlation.
The correlations between AVO parameters and reservoir properties are listed in Table 5 . Again, correlations improve when moving from high-to low-error seismic. In the case of AVO, the effect is particularly strong for the gradient. When analyzing the value of two seismic signals, their dependence should be included because two perfectly correlated signals are equivalent to one signal. Because the correlation between the AVO intercept and gradient is −0.97 in the case of low error, we should expect to see less difference between the value of post-stack seismic amplitude and AVO in this case.
VOS Information. Consider the case where , h, and S w are uncertain. The AVO VOS information, based on Table 5 , for the case of 12 identical targets and USD 60/BOE oil is shown in Fig. 9 .
As can be seen in Fig. 9 , the VOS for both low and high error is zero if the well budget is zero. If no wells can be drilled, seismic information is worthless. If all 12 wells could be drilled, a new seismic survey is still of little value, USD 0.01 million, because the probability that a well location will have a negative NPV over the range of seismic signals we expect to observe, as codified in g(|), is small (average is 0.61%; Fig. 6 ). However, under the constraint that only b wells can be drilled, seismic helps to choose the top b, and this can be valuable. For example, if b‫,6ס‬ the VOS values in the low-and high-error cases are USD 20.1 million and USD 16.4 million, respectively, a difference of USD 3.7 million.
Eliminating uncertainty regarding h and S w increases VOS because these uncertainties confound our ability to infer reservoir properties based on the seismic signal(s). For example, in the case of 12 targets with USD 60/BOE oil, using AVO yields VOS for the low-and high-error cases of USD 22.5 MM and USD 17.8 MM, respectively. These values are USD 2.4 MM and USD 1.4 MM higher, respectively, than in the case where porosity, thickness, and water saturation are all uncertain. In addition, the difference between the low and high cases is USD 4.5 MM, or USD 0.8 greater than the case discussed above. In this example, reservoir complexity decreases the benefit of improved seismic, but benefits of more than USD 3 milion are still yielded. The VOS is slightly lower if only the post-stack amplitude is known because valuable information is lost by going from two signals to one. For example, the case where , h, and S w are uncertain and b‫6ס‬ yields USD 19.9 million (USD 0.2 million lower) and USD 15.9 million (USD 0.5 million lower) for the lowand high-error cases, respectively. Therefore, as anticipated, the value lost in going from AVO to post-stack amplitude is larger when the underlying seismic technology is less accurate. The VOS difference between the low-and high-error cases is USD 4.0 million for post-stack amplitude, which is USD 0.3 million higher than in the case of AVO. This implies that if a company hypothetically chooses not to apply AVO analysis, the value of improved seismic is even greater because that company is not taking advantage of the insights provided by AVO. This is intuitive; because information is lost by using post-stack signals compared to AVO, the relative value of improving the seismic signal is larger. ‡ In addition to sensitivity to seismic error, the VOS depends on the oil price and the number of targets. Table 6 presents the maximum value of AVO seismic as a function of these variables. In this example, the maximum is always obtained at b‫ס‬m/2.
The VOS is almost USD 24 million in the case of 12 targets, USD 70/BOE oil, and low error. But even with only two targets and an assumption of USD 30/BOE oil, seismic values exceed USD 1 million under both the low-and high-error cases.
The value of improved seismic, the difference between the lowand high-error cases, ranges from USD 200,000 to over USD 4 million. With larger numbers of targets, values tend to be even larger.
Conclusions
Seismic surveys can provide important information for reservoir development and management. Improvements in seismicacquisition methods, such as more-accurate single-sensor recording or refined source technology, offer strong potential for improving drilling and development decisions. VOI methods can help determine the potential value of a seismic survey, and the value of improved acquisition technologies, before conducting the survey.
The geophysical methods described here incorporate uncertainty in rock properties (e.g., porosity), errors in acquisition and processing, and other reservoir properties (e.g., thickness), thereby allowing E&P companies to base seismic accuracy assessments on hard data instead of expert assessment. In addition, these models readily link to decision models because the observable seismic signal is tied directly to reservoir properties.
The VOI method detailed here is flexible and can be extended to other decision situations, seismic technologies, and geologic settings. In addition, the VOI method is simple to implement and run. For example, the model developed for this paper can generate 1,000 simulations in under a minute on a standard Windows XPbased laptop.
In comparison to previous results, our methods provide better estimates of the potential value of seismic information by incorporating observable seismic information into a robust decisionmaking framework that includes multiple targets, budget constraints, and the ability to value the potential of seismic to help infer multiple reservoir properties simultaneously.
In the example considered here, seismic information enables the E&P company to design the best infill drilling program given a budget constraint. Improvements in seismic technology improve this decision and therefore hold the potential to add significant value.
Nomenclature
b ‫ס‬ maximum number of wells that can be drilled c 1 ‫ס‬ slope of value function c 2 ‫ס‬ intercept of value function d ‫ס‬ vector of drilling decisions d i ‫ס‬ drilling indicator (0‫ס‬no, 1‫ס‬yes) E A [g] ‫ס‬ expectation of function g using f(A) f(A) ‫ס‬ prior probability distribution of A f(A|B) ‫ס‬ prior probability distribution of A given B f(⍀|⌰) ‫ס‬ posterior distribution of reservoir properties f(⍀) ‫ס‬ prior probability distribution of reservoir properties f i ( i ) ‫ס‬ joint distribution of reservoir properties at location i g(⌰) ‫ס‬ prior probability distribution of seismic signals h ‫ס‬ thickness i ‫ס‬ location index ‡ This result may differ in other geologic/decision contexts. For example, the primary value of AVO is often the determination of fluid type, which is not a primary consideration in the example considered here. conditional on seismic signals brine ‫ס‬ density of brine oil ‫ס‬ density of hydrocarbon rock ‫ס‬ density of the solid rock material total ‫ס‬ bulk density of rock xy ‫ס‬ covariance between random variables x and y ⌺ ‫ס‬ covariance between reservoir properties at location i ⌺ ‫ס‬ covariance between reservoir properties and seismic signals at location i ⌺ ‫ס‬ covariance between seismic signals at location i ‫ס‬ porosity i ‫ס‬ vector of reservoir properties at location i ⍀ ‫ס‬ matrix of reservoir properties at all locations
